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ABSTRACT: Induction motors are the backbone of the industries because they are easy to operate, rugged, 
economical and reliable. However, they are subjected to stator’s faults which damage the windings and consequently 
lead to machine failure and loss of revenue. Early detection and classification of these faults are important for the 
effective operation of induction motors. Stators faults detection and classification based on wavelet Transform was 
carried out in this study. The feature extraction of the acquired data was achieved using lifting decomposition and 
reconstruction scheme while Euclidean distance of the Wavelet energy was used to classify the faults. The Wavelet 
energies increased for all three conditions monitored, normal condition, inter-turn fault and phase-to-phase fault, as 
the frequency band of the signal decreases from D1 to A3. The deviations in the Euclidean Distance of the current 
of the Wavelet energy obtained for the phase-to-phase faults are 99.1909, 99.8239 and 87.9750 for phases A and B, 
A and C, B and C respectively. While that of the inter-turn faults in phases A, B and C are 77.5572, 61.6389 and 
62.5581 respectively. Based on the Euclidean distances of the faults, Df and normal current signals, three 
classification points were set: K1 = 0.60 x 102, K2 = 0.80 x 102 and K3 = 1.00 x 102. For K2 ≥ Df ≥ K1 inter-turn faults 
is identified and for K3 ≥ Df ≥ K2 phase to phase fault identified. This will improve the induction motors stator’s 
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Induction motors are widely used as industrial drives 
because they are rugged, reliable and economical and 
easy to operate (Dubravko, 2015). Despite the 
aforementioned advantages, they are susceptible to 
various types of faults which hinders their 
performances.  The most common faults in induction 
motors are bearing faults, stator faults, rotor faults and 
a combination of other faults. These faults are 
statistically categorised as 40%,  37% 10% and 13% 
respectively (Bonaldi et al., 2012; Verrucchi, 2008). 
Increasing demand for greater performance, protection 
and consistency of industrial systems have awakened 
the need for induction motor fault analysis and health 
monitoring (Siddiqui et al., 2014) . Earlier detection 
and classification of induction motor faults are 
essential for the efficient operation of the machines 
and reduction of revenue loss incurred due to faulty 
condition. The cost incurred due to unexpected 
breakdowns is very high as a lot of machines depend 
on the continuous and parallel operation of induction 
motors in the industries (Subha, 2018). Moreover, the 
safety of the operator is guaranteed when faults are 
detected early and isolated. Consequently, the 
monitoring of faults in induction motors are becoming 
more and more important issues in the field of 
electrical machines as new data processing techniques 
and new technologies for electrical drives emerge 
(Nagarajan and Reddy, 2013). Current and vibration 
data are one of the most important parameters used for 
condition monitoring and fault analysis since they 
possess the dynamic information of the motor 
(Bhowmik et al., 2013). Although, their performance 
depends on the efficiency of the technique used in the 
processing of the data. Several techniques have been 
proposed and can be categorised as model based 
techniques  (Isermann, 2015; Sahraoui et al., 2010),  
soft computing technique (Bendjama et al., 2013; Liu 
et al., 2018) and signal processing technique (Glowacz 
et al., 2018; Palácios et al., 2015). 
 
Over the years, signal processing techniques such as 
Fourier Transform (FT), Fast Fourier Transform 
(FFT), Short-Time Fourier Transform (STFT) and 
Wavelet Transform (WT) have been used for signals 
analysis. These techniques except the latter have their 
set-backs in non-stationary signal analysis (Bhowmik 
et al., 2013). WT is able to diagnose faults in the 
transient conditions with improved frequency 
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resolution. Besides, it gives the time and frequency 
information of the signal simultaneously (Polikar, 
2008). WT uses its decomposition ability to obtain the 
approximation and detail coefficient of the original 
signal with different frequency bands by using 
sequential low-pass and high-pass filters. Thus it has 
applied to detect faults in induction machines (Granda 
et al., 2018). Bendjama et al. (2013) proposed 
Wavelets and principal component analysis for 
vibration monitoring of rotating machinery. The 
vibration data which was decomposed using Wavelet 
decomposition method were used as the input to the 
Principal Component Analysis for fault identification.  
 
Ray et al. (2016) proposed the detection of fault 
disturbances using Wavelet Transform and 
Independent Component Analysis. Voltage signal 
extracted at the power control centre was processed 
through this technique under different fault and 
operating scenarios. Signal monitoring technique for 
broken bars fault diagnosis based on uncertainty 
bounds violation for three-phase induction motors has 
been proposed (Mustafa et al., 2012). The fault 
detection and diagnosis were performed in a two-steps 
procedure where the parameters of the healthy motor 
are identified on the basis of the set membership 
identification scheme and online fault diagnosis was 
performed on the basis of bounds violation conditions. 
Liang et al. (2018) proposed detection of inter-turn 
short-circuits in permanent magnet synchronous 
machine (PMSM) using stator current and vibration 
signals. A time-frequency analysis based on improved 
Wavelet packet transform was used for fault detected. 
Furthermore, fault feature extraction of the mechanical 
irregularity of induction motors bearing proposed by 
He et al. (2015) was based on Ensemble Super-wavelet 
transform (ESW). The ESW is based on the 
combination of Tuneable Q-factor Wavelet Transform 
(TQWT) and Hilbert transform such that fault feature 
adaptability is enabled. Cusidó et al. (2011) proposed 
the problems of fault detection of induction motors 
under a variable load torque. The Discrete Wavelet 
Transform (DWT) was used and compared to the 
motor current signature analysis. Motor Current 
Signature Analysis and Continuous Wavelet 
Transform (CWT) approach to diagnosis the broken 
bars in a three-phase induction has been proposed 
(Granda et al., 2017). Thus, the objective of this study 
is to detect and classify the stators faults in a three 
phase iduction motor using current data acquired and 
analysed based on Wavelt Transform.  
 
MATERIALS AND METHODS 
Acquisition of normal and faults current data: Data 
acquisition system was developed to acquire the 
current data used for this study. Detailed development 
which includes the rewinding of three-phase induction 
motor; circuit design and components layout; selection 
of appropriate components; programming and 
compilation of the programmed code on the Arduino 
board; Calibration of sensors and testing of the DAQ 
system can be found in (Abdullateef et al., 2019). 
Figure 1 shows the experimental set-up.  
 
Fig 1. Experimental Test Rig for Data Acquisition 
 
Discrete Wavelet Transform: The Discrete Wavelet 
Transform (DWT) method is often referred to as 
dialect scaling and shifting. It eliminates redundancy 
in coefficient and still retains the output of the 
transform to yield the same number of coefficient as 
the length of the input signal, therefore, requires less 
memory (Tangborn, 2013).  
 
Let )(tx be the signal, then the DWT is defined as 
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Where; )(k is the mother wavelet which contains 
the scaling (dilation) and translation (time shift) 
constants ba, respectively? k and j are integer 
variables. 
 
The base signal scaling in DWT is set to 2 and 
different scales can be obtained by raising this base 
scale to integer values represented as 2 j  where (j=1, 
2, 3… n). The translation occurs at integer multiple 
represented as 2 jm  where (m = 1, 2, 3….n). 
 
Selection of mother wavelet and Decomposition level: 
Daubechies mother wavelet was used in this study 
based on its ability to extract all signal energies than 
other mother wavelet and has a function that supports 
compatibility (Kessler et al., 2008). Equation 2 is the 
condition for selecting the minimum number of 
decomposition levels that is necessary for obtaining an 
approximation signal so that the upper limit of its 
associated frequency band is under the fundamental 
frequency (Mallat, 1989). The frequency band of the 
signal must be at least twice the sampling frequency 






     (2) 
 
Where; Lsn is the number of decomposition levels, sf  
is the sampling frequency and f is the fundamental 
frequency.  
 
The original signal is decomposed into two scales. The 
large scales allow us to know the signal characteristic 
at low frequencies known as approximation wavelet 
coefficients jCa , whereas the small scales show the 
signal characteristics at high frequencies known as the 
detail wavelet coefficients jCd . The wavelet 
coefficients are transformed into the approximation 
and detail coefficients to be represented in the time-
frequency spectrum. These coefficients are displayed 
to perform a comparison between the motor currents 
data and vibration data at normal and fault conditions. 
The approximation and the detail wavelet coefficients 
can be expressed as equation 3 and 4 respectively. 
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Ca n f n l x n      (3) 
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Cd n f n l x n      (4) 
Where; [ ]x n  is the sampled signal, 
0l
f is the low pass 
filter and
1l
f  , is the high pass filter.  nl  is the 
wavelength, jCa and jCd are the approximation and 
detail coefficients respectively. 
 
The fault classification algorithm is proposed based on 
the wavelet energy at different levels. which can be 




















   (6) 
Where 1,...,i l is the wavelet decomposition level 
from level 1 to level l . N is the number of the 
coefficients of detail and approximate at each 
decomposition level. DiE is the energy of the detail 
and AiE is the energy of the approximate at 
decomposition level l . 
 
In order to address energy imbalance, the energies of 
the wavelet coefficients are normalized using equation 















  (7) 
Where  is the mean value of the original signal and 
 is the corresponding standard deviation of the 
signal, ( )iE k  is the Wavelet Energy of all 
decomposition level at a fault type.   
The Euclidean Distance among every fault state and 
the normal state is used as a criterion for fault 
classification is expressed in equation 8. 
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N  and 
hE
N are the Normalised Wavelet 
energies at faults and normal conditions.  
 
Lifting scheme technique for data feature extraction: 
Lifting scheme is a suitable tool used to perform a 
filtering process due to the unwanted components 
noticed in the raw data signal. It accomplishes the 
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design and implementation of the bi-orthogonal 
wavelet transforms with downsampling and 
interpolation factor 2N  . 
 
Generally, the lifting mode consists of two parts; the 
decomposition and reconstruction parts. The 
decomposition is to obtain the approximation and 
detail coefficients of the original signal. It includes 
splitting, prediction and updating. The reconstruction 
part is the reverse of the decomposition. The lifting 
scheme flowchart is as shown in Figure 2. 
 
 
Fig 2: Lifting scheme flowchart 
RESULTS AND DISCUSSION 
Three conditions of the motor were monitored: motor 
under normal condition, motor under phase-to-phase 
fault condition and inter-turn fault condition. Typical 
samples of the acquired data under these conditions 
are shown in (Abdullateef et al., 2019). The 
multiresolution analysis was implemented using the 
Daubechies mother wavelet of the order 4 (db4) and 
order 8 (db8). The same mother wavelet with the same 
decomposition level is applied to each signal. The 
result of db4 and db8 decomposition of current in 
phase A is shown in Figure 3. The wavelet 
decomposition of current shown in Figure 4 depict an 
instance of fault. After decomposition with db4 and 
db8, the wavelet energy for approximation and detail 
coefficients were obtained using equation 6 and 7 
respectively. The result for normal condition and 
short-circuit fault are illustrated in Table 1-Table 3. It 
is observed from Table 1 – Table 3 that as the 
frequency band of the signal decreases from D1 to A3, 
the wavelet energies increases for all the three 
condition monitored (normal, inter-turn fault and 
phase-to-phase fault) when db8 mother wavelet is 
used. 
 
Fig 3. Phase A normal state current signal details and 
approximation coefficients 
 
Fig 4. Phase A current signal with fault details and approximation 
coefficients 
 
The phase-to-phase fault always has more energy than 
the inter-turn fault. In addition, among the three detail 
energy coefficients, D3 (20.75Hz-41.5Hz) has the 
highest energy. Figure 5 and Figure 6 explains the 
increase in approximate coefficient wavelet energy of 
db8 over db4.  
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Table 1: wavelet energy for currents computed for two different levels of Daubechies families  
(i.e. db4 and db8) at three decomposition level under normal motor condition 
 Db4 Db8 
1ED  2ED  3ED  3EA  1ED  2ED  3ED  3EA  
_a hI  
0.1107 0.1219 0.1298 1.1801e+04 0.1006 0.1026 0.1716 1.2441e+04 
_b hI  
0.1169 0.1628 0.2011 1.0181e+04 0.1154 0.1168 0.3223 1.0719e+04 
_c hI  
0.1125 0.0896 0.1148 0.7479e+04 0.0832 0.1034 0.1439 0.7886e+04 
 
Table 2: wavelet energy for currents computed for two different levels of Daubechies families (i.e. db4 and db8) at three decomposition 
level under inter-turn fault conditions. 
 Db4 Db8 
1ED  2ED  3ED  3EA  1ED  2ED  3ED  3EA  
_a iaI  
51.9310 21.7129 76.1864 1.8354e+04 25.1167 50.8202 81.9115 1.8982e+04 
_b ibI  
59.7307 31.6654 82.5818 1.6017e+04 27.5062 71.8678 99.7031 1.6537e+04 
_c icI  
33.3889 22.3142 39.6057 1.1865e+04 18.5309 40.6846 59.6557 1.4255e+04 
 
Table 3: wavelet energy for currents computed for two different levels of Daubechies families (i.e. db4 and db8) at three decomposition 
level under phase to phase faults. 
 Db4 Db8 
1ED  2ED  3ED  3EA  1ED  2ED  3ED  3EA  
_a abI  
56.2067 36.0026 68.5237 1.7442e+04 24.9539 62.0664 86.6804 1.8065e+04 
_b abI  
64.0175 34.9103 59.4115 1.6691e+04 28.0431 65.7756 89.3175 1.7211e+04 
_a acI  
64.9755 40.8524 76.7285 1.8586e+04 29.8695 66.5296 101.1201 1.9201e+04 
_c acI  
32.6117 17.5738 38.2159 1.1309e+04 14.9295 33.6007 50.8498 1.4698e+04 
_b bcI  
61.0422 36.7533 68.2454 1.6862e+04 28.1979 63.0591 93.1956 1.7381e+04 
_c bcI  
67.0498 45.9540 71.8705 1.3785e+04 30.1379 70.7723 85.2841 1.4191e+04 
 
 
Fig 5. Approximation wavelet energy for healthy and inter-turn current obtained for db4 and db8 
 
The higher the wavelet energy value the more 
significant the characteristics of the energy. The 
normalised current and vibration Wavelet Energy for 
all types of faults and normal state are represented in 
Table 4 to Table 6 using equation 7. This energy gives 
the same energy value at all three levels of 
decomposition, therefore, single energy value is 
selected to represent the wavelet energy of each fault 
signal. Figure 7 is the Euclidean Distance obtained 
using equation 8 showing substantial classification 
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between the faults. Phase-to-phase short circuit faults 
provide more distance variation from the healthy state 
current compared to inter-turn faults. Phase-to-phase 
fault current in phase A and C contributes more 
Euclidean Distance of 
20.99824 10  from the 
normal motor current, inter-turn fault current in phase 
B contributes lesser distance of 
20.61639 10 from 
the healthy current. This explains the severity of a 
phase-to-phase fault over inter-turn fault. 
 
Fig 6. Approximate wavelet energy for phase-to-phase fault current for db4 and db8 
 
Table 4: Normalized wavelet energy for inter-turn and phase-to-phase fault current signal 





































98.5172 98.5889 98.5981 98.6031 98.6658 98.6566 98.7017 98.6827 98.7191 
 
Table 6: Normalized WE obtained from the normal current 
Healthy current normalised WE 
Ia hN   Ib hN   Ic hN   
20.95 36.64 36.04 
 
 
Fig 7: Euclidean Distance of different fault current type from reference value 
 
It is also observed that the variation in the Euclidean 
Distance of the Wavelet Energy obtained for phase-to-
phase fault is higher than the inter-turn fault for the 
current signal. Based on the Euclidean distance 
obtained from the wavelet energy of the fault and 
normal current signal, three classification points are 
set as; 
2 2 2
1 2 30.60 10   0.80 10   and  1.0 10K K K       
2 1
3 2
             if   it can  b e  id en tified  as  In te r-tu rn  F au lt
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Conclusion: Stator fault classification has been 
presented in this paper. This technique distinguished 
between normal state, inter-turn fault and phase-to-
phase fault in induction motor using Discrete Wavelet 
Transform. Daubechies 8 mother wavelet proved to be 
efficient and was used in the classification. The results 
established that the technique for inter-turn and phase-
to-phase faults detection and classification based on 
Euclidean Distance of the Wavelet Energy Coefficient 
of the stator current is effective and efficient. This will 
help in the diagnosis of induction motor stators fault.    
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